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1. Introduction
Recent extreme droughts in Europe have provided strong research foci in the hydrological community to 
better understand and forecast periods of water stress (Albergel et  al.,  2020; Bakke et  al.,  2020; Kleine 
et al., 2020; Smith et al., 2020a). In line with long-term climate change projections, the extreme drought 
in 2018–2019 provided a unique opportunity to investigate expected regional climate change impacts both 
in terms of monitoring (e.g., the TERENO observatories in Germany [Heinrich et al., 2019; Wollschläger 
et  al.,  2016]) and modeling (e.g., Samaniego et  al.,  2018; Smith et  al.,  2020a) flux-storage dynamics. As 
drought impacts propagate through a catchment's ecohydrological cycle (Wilhite & Glantz, 1985), increas-
ingly dry conditions (i.e., a meteorological drought of reduced precipitation and high temperatures) typi-
cally deplete soil water storage, gradually supressing “green” (i.e., soil evaporation and vegetation transpi-
ration) and “blue” (i.e., groundwater recharge and runoff generation) water fluxes. However, resilience to 
droughts and subsequent recovery patterns differ for different compartments of the ecohydrological cycle. 
Orth and Destouni (2018) showed that blue water fluxes generally decrease more strongly and rapidly than 
green water fluxes as soil moisture deficits increase. In prolonged droughts, impacts propagate to aqui-
fers, and it generally takes a longer time for recharge fluxes to recover during rewetting periods (Orth & 
Destouni, 2018). Of course, the general patterns vary under specific physiographic and climate conditions. 
In regions where surface waters are substantially fed by deeper aquifer storage, blue water fluxes likely 
Abstract High spatial heterogeneity of catchment properties enhances the variability of 
ecohydrological responses to changing natural and anthropogenic conditions, like the European-wide 
droughts in 2018–2019. Based on new adaptations of a tracer-aided, process-based ecohydrological 
model (EcH2O-iso), we investigated drought-induced nonstationary ecohydrological behavior in a small 
agricultural headwater catchment (1.44 km2) in central Germany. Multiple environmental time-series 
helped inform various aspects of catchment functioning that have been impacted by agricultural activity 
and changing climate conditions and helped to further constrain model calibration. Multi-criteria 
calibration showed that data collected during drought years were highly informative in reproducing the 
changes in stream water dynamics. Further, inclusion of  2H and  18O data was valuable for reducing 
model uncertainty and increasing confidence in simulations of green- and blue-water flux partitioning 
and storage-flux-age interactions. Using the best-performing calibrations, we further analyzed the high 
spatiotemporal variability of internal ecohydrological processes and the varying responses of fluxes and 
associated water ages to prolonged drought stress. Under drought conditions, modeled stream runoff 
contributed from deeper, older storages increased significantly after a particularly wet season, resulting 
in a sharp increase in stream water age. Unlike relatively minor changes in soil evaporation, seasonally 
typical transpiration fluxes were initially maintained in April–June but dramatically decreased as the 
drought further developed in July–September. Importantly, the tracer-based transpired water age was 
much older after April, providing a potential indicator of drought impacts and the need for precautionary 
management responses. Our findings are important for similar agricultural headwater ecosystems in other 
drought-sensitive regions.
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show greater resilience but longer recovery than green water fluxes under severe droughts (e.g., Sawada 
et al., 2014). The resilience and recovery can also be affected by different combinations of vegetation and 
soil properties (Smith et al., 2020a).
Therefore, a comprehensive understanding of catchment ecohydrological functioning and its spatio-tem-
poral dynamics is of particular importance to maintaining ecosystem services provisioned by hydrological 
processes and to assess potential impacts of extreme climate conditions like droughts. The interaction of 
human and ecohydrological systems is especially strong in intensively managed agricultural catchments 
(Porporato et al.,  2015). Humans have managed water, energy, and nutrient cycling (through irrigation, 
fertilizer application, tile drainage systems, etc.) to improve agro-ecosystem productivity, while potentially 
reducing biodiversity and resilience to extreme external disturbances (Lin, 2011; Schmidhuber & Tubiel-
lo, 2007; Weise et al., 2020). Ecohydrology-based modeling approaches create opportunities to inform guide-
lines for sustainable use of water and land resources in agricultural systems (Porporato et al., 2015) and, 
more generally, to advance our understanding of plant-water-nutrient interactions (Newman et al., 2006).
Spatially distributed, process-based ecohydrological models are valuable tools to address these knowledge 
gaps. Such model conceptualizations seek to balance model complexity and process representations (Clark 
et  al.,  2017; Tetzlaff et  al.,  2008). For a reliable representation of internal function, process-based mod-
els should be carefully parameterized and calibrated against a wide range of observations (i.e., using both 
“hard” and “soft” information [Seibert & McDonnell, 2002; Winsemius et al., 2009]). Large variations in 
information content, as well as associated uncertainty, reside in different data types and different periods of 
data collection (Beven & Smith, 2015; Westerberg & McMillan, 2015). Therefore, multi-criteria calibration 
based on contrasting data sources at different scales is important, especially for spatially distributed models 
(Fatichi et al., 2016; Holmes et al., 2020; Kuppel et al., 2018a). In particular, information on stable isotopes 
of water (deuterium and oxygen-18 ratios;  2H and  18O, respectively) has been increasingly integrated 
in ecohydrological modeling, from which storage-flux interactions, precipitation partitioning and surface 
water dynamics can be tracked and verified (Birkel & Soulsby, 2015; McGuire & McDonnell, 2015; Tetzlaff 
et al., 2015). Water ages of different storages and fluxes are additionally of interest in describing the quantity 
and quality of waters traveling through ecohydrological systems (Porporato & Calabrese, 2015; Sprenger 
et al., 2019). Therefore, tracer-aided ecohydrological modeling can better resolve the quantification of the 
partitioning of blue and green water fluxes and help evaluate impacts of disturbances from changing climat-
ic and anthropogenic conditions (Birkel et al., 2014).
The EcH2O-iso model (Kuppel et al., 2018b; Maneta & Silverman, 2013) explicitly integrates energy bal-
ances, water transfers, and vegetation dynamics, following the basic philosophy of providing a physically 
based, yet computationally efficient process representation. The EcH2O-iso model acts as a “middle path” 
(as termed in Kuppel et al., 2018b) for linking spatio-temporal water dynamics with conservative tracer 
transport, which can be applied from the plot-scale soil-vegetation-atmosphere continuum to regional-scale 
earth system modeling. The model tracks stable isotopes of water ( 2H and  18O) and water ages in each 
ecohydrological compartment, and therefore, it provides a more complete picture capturing both water par-
ticle transport (velocity) and the speed of catchment response (celerity). The model has been applied and 
verified at both plot scale (Douinot et al., 2019; Knighton et al., 2020; Smith et al., 2020a) and catchment 
scale (Kuppel et al., 2018a, 2018b; Lozano-Parra et al., 2014; Maneta & Silverman, 2013; Smith et al., 2020b).
In this study, we make a fundamental adaptation to the model for the Schäfertal catchment, an intensively 
cultivated headwater located in the Harz mountains of the German Central Uplands, which is highly sensi-
tive to climate variability (Anis & Rode, 2015). As a long-term experimental site (Wollschläger et al., 2016), 
the Schäfertal catchment has been part of multiple observatory projects collecting a range of ecohydro-
logical variables (e.g., the International Hydrological Decade of UNESCO since 1960s, the Terrestrial En-
vironmental Observatories [TERENO] and the follow-up Modular Observation Solutions for Earth Sys-
tems [MOSES]). Intensive human activities have heavily affected soil water (e.g., due to tile drainage) and 
groundwater level dynamics (due to nearby mining activities). In addition, hydroclimatic conditions have 
changed dramatically, leading to severe droughts in recent years (The German Weather Service, https://





 (1)  How can model structure be adapted to conceptualize anthropogenic activities that impact catchment 
ecohydrological functioning?
 (2)  How valuable is the information brought by different calibration data, particularly stable isotopes of 
water as conservative tracers?
 (3)  Can a multi-criteria calibration of a process-based (ecohydrological) model reproduce catchment re-
sponses of flow and stable isotopes of water and capture internal catchment dynamics of water fluxes, 
storages, and ages?
 (4)  Particularly, what is the value of data collected under drought stress in terms of modeling ecohydrolog-
ical responses under changing conditions?
The unique characteristics and data sets of the Schäfertal catchment provide the opportunity to investigate 
responses of catchment functions to the changing anthropogenic and climatic conditions. Through trac-
er-aided ecohydrological modeling, we aim to assess how process-based modeling can be adapted to capture 
the changing catchment functioning and quantify the spatiotemporal variability of each ecohydrological 
compartment under the drought stress.
2. Study Site and Data
2.1. The Schäfertal Catchment
The Schäfertal catchment is an agricultural headwater catchment (1.44 km2, Figure 1), located in the lower 
Harz Mountains in central Germany. Elevation ranges from 391 to 470  m. The north- and south- facing 
hillslopes, with an average slope of 11°, are intensively cultivated (crops rotated among winter wheat, triti-
cale, rapeseed, etc.); the middle valley bottom is dominated by grassland with channels; the upstream hill-
top is occupied by sparse forest (Figure 1b). The underlying Paleozoic greywacke and Devonian shale are 
covered by periglacial layers with different fractions of loess and rock fragments, resulting in complex geo-




Figure 1. The Schäfertal catchment and monitoring locations ((a) DEM and monitoring sites, (b) Land use types, and (c) soil types and the tile drain network). 
A V-notch weir is also installed in the Messgarten climate station for discharge measuring and stream water sampling. The lysimeter station for soil moisture 























Field soil measurements in the hillslopes (Altermann & Mautschke, 1970; Graeff et al., 2009) indicate rela-
tively high porosity and hydraulic conductivity (e.g.,   6 19.95 10 m s ) in the top soil layer, and a base layer at 
depth deeper than circa 0.4 m with lower hydraulic conductivity (e.g.,   7 12.31 10 m s ; Graeff et al., 2009). 
Soil properties are generally homogenous based on the German soil database (BGR, 2018) and field soil 
core sampling (Schrön, 2017), while a certain degree of spatial variability is due to the detailed topographic 
characteristics (e.g., reported in Ollesch et al., 2005; Anis & Rode, 2015). Moreover, artificial tile drains are 
extensive throughout the central valley bottom (Figure 1c). Here, we refined the soil map from previous 
studies into three types, that is, “Floodplain” soils for Fluvisols and Gleysols with artificial drainage in the 
valley bottom, “Hillslope” soils for Gleyic Cambisols and Luvisols in the agricultural hillslopes, and “uphill” 
soils for Rankers and Cambisols in the uphill and forest areas (Figure 1c).
Being located in the sheltered leeward regions of the Harz Mountains (peaked at 1,141 m a.s.l), as well as the 
transition area of the German Northern Plain and the Central Uplands, the catchment exhibits a prevailing 
continental climate, and therefore, is vulnerable to climatic variability, including summer droughts (Anis & 
Rode, 2015; Wollschläger et al., 2016). Long-term annual precipitation is 626 mm (averaged in 1969–2019), 
and average air temperature is 6.7°C (ranging from −1.4°C in January to 15.3°C in June) with significant 
snowmelt in spring (Ollesch et al., 2005).
In the study years 2010–2019, annual precipitation decreased to an average value of 538 mm (significantly 
lower than that of 1968–2009; ANOVA test,  0.05p ); monthly mean air temperature significantly increased 
in August–December (seasonal Mann-Kendall test using the R “trend” package (Pohlert, 2020),  0.05p ), 
although the annual average was slightly increased (7.3°C). Moreover, the catchment experienced recent 
prolonged climatic drought stress starting from 2017: the average annual precipitation was only 67.5% of 
the long-term average, with a historically low value occurring in 2018 (335 mm); the total number of warm 
days (i.e., the maximum temperature exceeding 30°C) was 28 days in 2018–2019, compared to four days per 
year in 2010–2017.
The catchment has been heavily impacted by a legacy of anthropogenic activities. Tile drainage networks 
were constructed at ca. 1 m depth in the soils of central valley bottoms in 1972 (Figure 1c). This has largely 
impacted soil properties and soil water dynamics, which also results in land-use change from previous pas-
ture to arable land since 1979 (Ollesch et al., 2010). Mining activities were also historically undertaken in 
areas surrounding the catchment (started from 1970s and stopped since 1991), and de-watering had affected 
groundwater levels that were artificially lowered up to 4.7 m below land surface in the valley bottom. Long-
term discharge and groundwater table records (1968–2019) showed that the groundwater level has been 
mostly recovered since 2009 (Ollesch et al., 2010), and surface discharge has been continuously observed, 
even in recent drought years.
2.2. Multi-Source Data Collection and Analysis
The Schäfertal catchment has been intensively monitored since 1960s by the University of Applied Science 
Magdeburg-Stendal (HS-MD), including a climate station (“Messgarten,” Figure 1a), discharge gauging sta-
tion and a dense groundwater observation network (Reinstorf et al., 2010). Since 2010, it has further been 
part of the TERENO/MOSES observatories, as one of the headwater research sites for advancing under-
standings of ecosystem processes and catchment functions (Wollschläger et al., 2016), including the imple-
mentation of a point-scale lysimeter station (Pütz et al., 2016).
We used data from multiple monitoring projects at different scales (Table 1). Daily time series were derived 
from measurements with varying temporal resolutions. Daily meteorological forcing data (i.e., precipita-
tion, air temperature [mean, minimum, and maximum], mean relative humidity, mean wind speed, and 
global radiation) were aggregated from 1-min interval measurements at the Messgarten climate and hydro-
logical station (Table 1). Mean daily longwave radiation data were obtained from German Weather Service 
(DWD) climate stations Dresden-Klotzsche (51.12°N, 13.75°E) and Leipzig-Holzhausen (51.31°N, 12.44°E). 
Streamflows were gauged at a V-notch weir installed in the Messgarten, where water levels were originally 
recorded (the “SEBAPlus 15” radar sensor, SEBA Hydrometrie GmbH) and converted into discharge (ac-





short periods (e.g., the extremely low-value period after a device failure in September 2015), were retained 
since no clear correction notes were documented. Soil temperature and soil moisture at different depths 
were collected from the measuring points in the Messgarten station and the lysimeter station, respectively 
(Table 1). Additionally, groundwater water level data were collected from several groundwater wells distrib-
uted within the catchment (Figure S1). Long-term daily time series (1968–2019) of precipitation, air tem-
perature and discharge were also used to assess long-term changes of climate condition and anthropogenic 
activities and their impacts on the catchment functioning (supporting information Data Set S1).
Rainfall and stream water samples for stable isotopes of water have been sampled at Messagarten station 
(Figure 1a) and analyzed using a laser-based analyzer (analytical precision of 1.0‰ and 0.3‰ for  2H and 
 18O, respectively [Lutz et al., 2018]) by the Department of Catchment Hydrology, Helmholtz Center for 
Environmental Research - UFZ. We used two available data sets: the monthly precipitation data in 2013–
2017/10 (collected from an evaporation-free collector, PALMEX; see Lutz et al., 2018 for sampling details), 
and the daily data in 2017/11–2019/08 (sampled from both precipitation and stream water). The regressed 
local meteoric water line (LMWL) was    2 187.2 2.1H O  (R2  =  0.96, Figure  S2). Continuous daily 
 2H and  18O in precipitation was generated differently according to the two isotopic data sets. For 2010–
2017/10, daily values were randomly generated based on the normal distributions (i.e., mean and standard 
deviation were calculated for each month from the monthly data set considering seasonal variations). For 
2017/11–2019, missing values were filled with the values of the next measured time points if the gap pe-
riod is shorter than 7 days, otherwise daily values were randomly generated based on the “daily” data set 





Data category Data type Description and processing Source
Meteorology Precipitation (P) Original data were measured at 1-min 
interval in 2010–2019, from which 
the daily time series were calculated 
(summation for P; means for RH, WS, 








Longwave Radiation Mean daily values from nearby DWD 
stations Dresden-Klotzsche (51.12°N, 
13.75°E) and Leipzig-Holzhausen 
(51.31°N, 12.44°E)
German Weather Service 
(DWD)
Streamflow Discharge 1-h interval in 2010–2012; TERENO (HS-MD, UFZ)
10-min interval in 2013–2019




UFZ)Stream water Daily weekly in 2017/11–2019
Groundwater 2019/07–2019/11; Groundwater well 61 
(51.65°N, 11.03°E)
Plot-scale Soil moisture content 10-min interval in 2012–2019 Lysimeter station 
TERENO-SoilCan, UFZTDR sensor at 10, 30, and 50 cm depth
Soil temperature 5-min interval in 2010–2019, Messgarten station, 
TERENO (HS-MD, 
UFZ)
Measured at ground surface, 10, 20, and 
30 cm depth
Long-term Precipitation, air temperature and 
discharge
Daily data (Data Set S1) HS-MD, Anis and 
Rode (2015)
Abbreviations: P, Precipitation; Tair, Air temperature; RH, Relative Humidity; WS, Wind Speed; SR, Shortwave Radiation; TERENO, Terrestrial Environmental 
Observatories.
Table 1 
Summary of the Collected Multiple Data Sources
Water Resources Research
3. Methods
3.1. The EcH2O-iso Model
The fully distributed ecohydrological model EcH2O (Maneta & Silverman, 2013) integrates vertical energy 
balances, vertical and lateral water transfers and vegetation dynamics. The model formed the platform for 
further module development for tracing water isotopes and water ages (i.e., the tracer-aided EcH2O-iso 
model; Kuppel et al., 2018b). Here, we provide a brief description of the model conceptualizations and trac-
er/age tracking in different ecohydrological compartments (for comprehensive model description, please 
refer to the original publications Maneta & Silverman, 2013 and Kuppel et al., 2018b).
The model resolves each grid cell in a vertical sequence through the canopy, surface, and soil levels. The 
energy balance is solved first for each vegetation type at the canopy and land surface levels, from which the 
evapotranspiration-related latent heat fluxes are calculated. Canopy and soil evaporation are determined by 
the latent heat at the canopy level and the first soil layer, respectively, while constrained by available water 
storages (i.e., the maximum canopy storage and the difference between first layer soil porosity and residual 
moisture, respectively). Transpiration associated latent heat is controlled by the canopy temperature and 
the canopy conductance. A Jarvis-type stomatal conductance model is used, considering vegetation-de-
pendent maximum stomatal conductance and the sensitivity of vapor pressure deficit at the leaf surface, 
light availability, and root-zone averaged soil moisture availability. Transpiration is contributed from all 
three layers and partitioned according to the water availability and the root proportion of each soil layer. 
The land surface energy balances (including surface net radiation, ground heat flux, and evaporation related 
latent heat flux; see Equations in Maneta & Silverman, 2013) are formed as nonlinear functions of surface 
skin temperature, which are solved using the Newton-Raphson method. The ground heat flux calculation is 
assumed to have two thermal layers along the soil profile, with no diurnal temperature variations below a 
damping depth (Liebethal & Foken, 2007). The soil temperature is therefore represented by the temperature 
at the damping depth.
Water balances at all levels are conceptualized by a bucket-type approach (Figure S4). Precipitation is split 
into intercepted water and throughfall based on the maximum canopy interception storage. All intercepted 
water can only be evaporated, without further interactions with surface and subsurface storages. Upon ex-
ceeding the canopy storage capacity, throughfall enters the surface water storage (snowpack and ponding 
water) where snowmelt and infiltration processes are considered. Surface water infiltration is calculated 
using the Green-Ampt method (Mein & Larson,  1973). Gravitational soil water (i.e., soil water content 
above field capacity) further infiltrates into the underlying layers, with a leakage parameter controlling the 
vertical seepage that leaves the system. In the third layer, subsurface lateral flow exchanges are estimated 
using a kinematic-wave based scheme (Equation S1, Text S1). Because of this, up-ward return flows can 
occur if deeper soil layers become saturated. The remaining surface-ponded water is considered as surface 
flow for lateral transport to the down-slope cell and further re-infiltration. Both lateral flow components are 
transported to the down-slope cell, following the topographic drainage network. In grid cells where stream 
channels are present, all surface ponding water becomes surface runoff, and subsurface runoff generation is 
controlled by a seepage parameter (soil-type dependent), saturated hydraulic conductivity, and gravitational 
soil water storage at the third layer (Equation S2, Text S1). Stream surface water routing along the stream 
network is calculated by solving the kinematic-wave equation.
Ecohydrological fluxes and storage-fluxes exchanges are tracked by isotopes and water ages (Kuppel 
et al., 2018b). For each grid cell, the tracer (i.e.,  2H,  18O and ages) module is fully integrated into the 
calculations of each water flux and each water storage, following the full-mixing assumption. Specific im-
plementations are listed as follows:
•  The throughfall water is assumed to have the same isotopic signature as the same time step precipitation 
and the age of zero.
•  Isotopic compositions and ages of canopy and soil evaporations are equivalent to those in the canopy and 
first-layer soil water storages, respectively.
•  Isotopic fractionation due to soil evaporation is considered using the Craig-Gordon model (Craig & Gor-





•  Transpiration is considered as a nonfractionating process, meaning full conservative mixing of tran-
spired water contribution from each soil layer (according to the root fractions).
•  Water age is calculated primarily following the same principle as that of conservative isotopic tracers 
(without fractionation process). Ages in all water storages increase by one time-step after each modeling 
time step, and reset to zero if the storage is empty.
3.2. Model Adaptations for Tile Drainage and Deeper Groundwater Dynamics
As previously mentioned, the lower boundary of EcH2O-iso has been set as that of the third soil layer, 
meaning that deeper groundwater dynamics have largely been excluded in previous applications. Such 
implementations are sufficient for regions with humid climate conditions and strong topographic gra-
dients where shallow groundwater plays a crucial role. This was found to be unsuitable for catchments 
where stream surface waters are considerably impacted by deeper groundwater dynamics, like the Schäfer-
tal catchment (Graeff et al., 2009; Ollesch et al., 2010). Moreover, the shallow depth of tile drains in the 
Schäfertal catchment (ca. 1 m depth) constrains subsurface lateral fluxes to the depth of tile drains, which 
precludes the model's consideration of deeper water dynamics. Therefore, we fundamentally changed the 
model configuration/parameterization to represent tile drainage impacts and added an extra groundwater 
storage to conceptualize the deeper groundwater dynamics.
First, the total depth of soil was set-up as 1 m to compensate the approximate depth of tile drainage and 
the EcH2O design that subsurface lateral fluxes occur only at the bottom of the third soil layer. This set-up 
has also been supported by the groundwater level data from near stream wells (e.g., well ID 61, Figure S1), 
showing that the near stream groundwater levels mostly fluctuated within 1 m below ground surface. Sec-
ond, instead of specific governing equations for tile drainage, we conventionally considered the impacts 
based on parameter adaptation. The overall impacts on catchment drainage were reflected by a higher hori-
zontal hydraulic conductivity, compared to field soil measurements (e.g., in Graeff et al., 2009). Therefore, 
the corresponding parameter of the impacted floodplain soils was artificially elevated, that is, the initial 
range of hydraulic conductivity of top-soil layer (parameter Kstop_1, supporting information Data Set S2) 
was given one order of magnitude higher than the other unaffected soil types.
The extra groundwater storage was added under the soil layers for each grid cell (Figure S4). The storage 
was further divided into the hydrologically active storage for hydrological dynamics (“dynamic” storage) 
and the “passive” storage for mixing and retention of tracers and chemical solutes (Benettin et al., 2015; 
Birkel et al., 2015; X. Yang et al. 2018). A proportionality of the dynamic storage was introduced as a global 
model parameter ( _HydroFrac ExtraGW , Data Set S2). The groundwater storage received vertical leakage 
fluxes from the soil water storage and lateral baseflow fluxes from up-slope grid cell(s). The lateral baseflow 
flux to a down-slope grid cell was calculated using similar kinematic-wave approach as the subsurface flux, 
considering only the dynamic storage (Equation  S3, Text  S1). The calculation of baseflow export to the 
stream (i.e., baseflow discharge) was adopted from that of subsurface runoff export, but we introduced a 
new seepage parameter (Equation S4, Text S1). The extra groundwater storage had no upward feedbacks to 
the overlying soil water system.
Tracers (both isotopes and ages) were assumed to fully mix in the total extra groundwater storage and be 
conservatively transported in association with baseflow dynamics. The tracer signatures were updated as 
follows:
        
 , ,
1 ,new L L IN i IN i OUT new
i
dC F C F C F C
dt ExtraGW
 (1)
where C and F denote generic tracer signature (i.e.,  2H,  18O, and water age), and water flux, respectively, 
for soil water leakage (L), up-slope inflow flux(es) (IN) and outflow flux (OUT); ExtraGW denotes the total 
extra groundwater storage. The equation is solved using the fourth-order Runge-Kutta method. The updat-






3.3. Model Parameterization and Multi-Criteria Calibration
Model parameters in EcH2O-iso represent soil properties and ecohydrological dynamics (see Maneta & Sil-
verman, 2013). Balancing the spatial variation of processes and the complexity of model parameterization 
(Clark et al., 2017), parameters were considered as global, soil, or vegetation dependent (the number being 
4, 16, and 12, respectively). In total, 88 parameters were defined in this study (see Supporting Information 
Data Set S2), with initial ranges estimated based on literature (e.g., Kuppel et al., 2018a), field data (Graeff 
et al., 2009) and specific considerations for anthropogenic impacts (see Section 5.1). To reduce the number 
of calibrated parameters, a sensitivity analysis was conducted using the Morris method (Morris, 1991) for 
parameter ranking and screening. Sensitivity indices were generated based on 100 trajectories (i.e., a total 
of 8,900 model evaluations which is sufficient according to general criteria suggested in Pianosi et al., 2016) 
and the radial-based Latin-Hypercube sampling strategy, which has a better sampling efficiency and cov-
erage within the parameter space (Campolongo et al., 2011; van Griensven et al., 2006). We analyzed the 
parameter rankings separately for multiple data sets (i.e., discharge at the outlet, soil moistures, soil tem-
perature, and stream water isotopes) and summarized a common set of 61 most sensitive parameters for 
further model calibration (see Figure S5).
Model calibration was conducted using a multi-criteria method modified from Ala-aho et al. (2017). A large 
number of parameter sets was first sampled using Latin-Hypercube sampling. We generated 500,000 pa-
rameter sets for model calibrations. Then, model performance metric for each of the multiple constraining 
data was calculated. We used the KGE metric (Gupta et al., 2009) for soil temperature and log-transformed 
discharge data, and the MAE (Mean Absolute Error) for soil moisture and stream water isotope data. We 
designed a two-stage approach: (1) the “best” 10,000 simulations based only on discharge performance were 
first retained from the 500,000 runs; (2) among the 10,000 simulations, performance metrics for multiple 
constraining data were ordered respectively (i.e., obtaining the cumulative distribution functions of da-
ta-specific metrics), and the common threshold quantile for all cumulative distribution functions was itera-
tively determined above which the common set of 100 simulations could be found (Ala-aho et al., 2017). The 
final common 100 runs were therefore the best 100 runs simultaneously fulfilling all criteria. The 90% con-
fidence interval (  95% 5%CI quantile quantile) among the best 100 runs was referred to as the simulation 
uncertainty, and the overall predictive uncertainty (PU) was quantified as   1 /
n
tt tPU CI SIM  (where CIt 
and tSIM  are the simulated confidence interval and median value, respectively, at time step t (  1,2, ,t n); 
n is the total number of time steps) (Kuppel et al., 2018a). All computations were conducted in the iDiv 
high-performance computing (HPC) cluster at Helmholtz Center for Environmental Research - UFZ.
3.4. Model Set-Up and Evaluation
The spatial resolution was set as 50 × 50 m, and all geographical information was resampled and unified 
accordingly (Figure 1). Grid cells that contain channels were generated from the drainage network based on 
the resampled 50 m DEM and corresponded with the observed stream channels from the water authority of 
Saxony-Anhalt State (LHW; Figure 1a). Three soil layers were defined as 0–20, 20–50, and 50–100 cm, con-
sidering common agricultural tillage depth (ca. 20 cm), soil base-layer depth (Section 2.1), and the tile drain 
depth, respectively. The initial storages of the extra groundwater were roughly set as 2 and 5 m for hillslope 
and valley bottom grid cells, respectively.
Daily time-step modeling was set up in 2010–2019. In addressing the potential impacts from unrepresenta-
tive initial conditions (e.g., initial soil moisture, groundwater storage, tracer signatures in different storage, 
etc.), the first two years 2010–2012 were used as the spin-up period (repeated for 10 times) and excluded 
from further model evaluation. The vegetation dynamic module was deactivated in this study.
The Schäfertal catchment experienced a prolonged drought during 2018–2019. To investigate the value of 
the information content of different monitoring data sets in different periods, we designed three model 
calibration and validation schemes:
•  Scheme I. The model was calibrated in 2013–2016 and validated in 2017–2019, against measured data of 





•  Scheme II. The model was calibrated in 2016–2019 and validated in 2013–2015, against the same data 
sources as Scheme I.
•  Scheme III. The same as Scheme II, but adding on the available stream water isotopic data for calibration.
Therefore, Scheme I used only the information during the “normal” years (2013–2016) for model calibra-
tion, while Scheme II used the same data types but covering both normal and drought (2018–2019) periods. 
Finally, the value of incorporating isotope data in the calibration could be assessed from the comparisons 
between Scheme II and Scheme III.
4. Results
4.1. Multi-Criteria Calibration and Validation Based on Different Monitoring Data
Model performances were evaluated and compared between the three multi-criteria calibration schemes 
(Table 2). Although stream discharge showed large seasonal variations (e.g., high flow peaks >0.1 m3 s−1, 
whereas low flows were as low as 0.001 m3 s−1), discharge simulations generally captured the seasonal pat-
terns well. Mean KGEs in the respective calibration periods were 0.65, 0.78, and 0.77 for the three schemes. 
In the validation period of Scheme I (2017–2019), discharge performance decreased largely in terms of the 
lowered overall goodness-of-fit (mean KGE = 0.43) and the larger simulation uncertainty (PU = 0.32, com-
pared to 0.21 in 2013–2016). Especially during low-flow periods, simulations were often underestimated, 
and uncertainty bounds were widened (Figure S6). In contrast, as being part of the calibrations, discharge 
simulations of Scheme II and Scheme III in 2017–2019 performed among the best, with a well-constrained 
uncertainty during low-flow periods (Figure 2b). The performance degradations in the validation period 
of Scheme II and Scheme III (KGEs = ca. 0.50 in 2013–2015) were partly due to the more complex seasonal 
rainfall-runoff patterns (KGEs were relatively low in 2013–2016 even being calibrated in Scheme I) and 





Scheme I Scheme II Scheme III
Calibration Validation Calibration Validation Calibration Validation
2013–2016 2017–2019 2016–2019 2013–2015 2016–2019 2013–2015
Discharge KGE 0.65 ± 0.02 0.43 ± 0.30 0.78 ± 0.02 0.50 ± 0.06 0.77 ± 0.02 0.49 ± 0.05
(log-transformed) PU 0.21 0.32 0.21 0.23 0.22 0.22
aIsotope 2H MAE 23.2 ± 34.4 24.7 ± 67.0 7.13 ± 1.06
PU 1.45 1.40 0.26
aIsotope 18O MAE 3.38 ± 4.45 3.51 ± 9.16 1.20 ± 0.29
PU 1.55 1.50 0.30
Soil moisture at Layer 1 MAE 0.051 ± 0.006 0.055 ± 0.005 0.057 ± 0.005 0.059 ± 0.010 0.059 ± 0.005 0.061 ± 0.011
PU 0.43 0.45 0.50 0.52 0.53 0.53
Soil moisture at Layer 2 MAE 0.043 ± 0.005 0.070 ± 0.008 0.062 ± 0.006 0.050 ± 0.009 0.064 ± 0.008 0.051 ± 0.012
PU 0.34 0.41 0.48 0.42 0.50 0.44
Soil KGE 0.69 ± 0.03 0.69 ± 0.09 0.73 ± 0.03 0.67 ± 0.05 0.70 ± 0.05 0.64 ± 0.06
temperature PU 0.43 0.38 0.35 3.21 0.48 1.35
bSurface temperature KGE 0.52 ± 0.18 0.67 ± 0.13 0.70 ± 0.17
PU 1.09 2.36 1.37
The mean ± standard deviation of the evaluation metrics and Predictive Uncertainty were calculated based on the best 100 runs.
Abbreviations: KGE, Kling-Gupta Efficiency; MAE, Mean Absolute Error; PU, Predictive Uncertainty.
aStream-water stable isotopes were only available in 2017–2019. bSurface temperature in 2013–2019 was exclusively used for validation.
Table 2 
Statistics of Model Performances According to the Multi-Criteria Calibration Schemes Against Different Data sources
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Compared to Scheme II, Scheme III additionally incorporated stream water isotopes in the calibration, and 
model simulations of isotopes ( 2H and  18O) improved significantly (Table  2, and Figures  2c and  S7). 
Calibrated against the measured isotopes, the mean absolute error (the goodness-of-fit metrics) decreased 
from 24.7 ± 67.0 and 3.51 ± 9.16 (‰), for  2H and  18O, respectively, to 7.13 ± 1.06 and 1.20 ± 0.29 (‰); the 
PU decreased by ca. 5 times. Based on the well-constrained simulation uncertainty of Scheme III, measured 
isotope variations were mostly captured within the uncertainty bounds (75% and 64% for  2H and  18O, 
respectively, of the 170 data points). The median values of the best simulations from Scheme III were gener-
ally in line with the measurements, with more marked dynamics as responses of rainfall events during win-
ter-spring and more steady states during summer-autumn (Figure 2c). Similarly, the isotope information 
helped to reduce simulation uncertainty of stream water age (Figure 2d). Based on Scheme III, stream water 
age simulations revealed a general dominance of waters aged around 4 years (the mean of the simulated 
median ages), with significantly younger waters during rainfall events (Figures 2a and 2d). Moreover, stable 
stream water age of 3.3 years was estimated before 2017; while due to the extreme drought summer of 2018, 
a dramatic increase could be observed, and a higher level (the mean age of 6.0 years) was maintained until 




Figure 2. Model performances of stream water at the catchment outlet based on multi-criteria calibration Schemes II and III ((a) precipitation (P), (b) 
discharge, (c) isotopes ( 2H), and (d) surface water ages). The median values and uncertainty bounds are the medians and 90% confidence intervals, 
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At the plot scale, model performances were generally good and the differences of the three calibration 
schemes were not as large as those at catchment scale (Table 2). Compared to Scheme II and Scheme III, soil 
moisture performances of Scheme I were slightly better in Layer 1 (0–20 cm), while in Layer 2 (20–50 cm), 
the mean MAE performances decreased from 0.043 in the calibration to 0.070 in the validation period. 
Despite the inclusion in the calibrations of Scheme II and Scheme III, Layer 2 simulations under drought 
conditions still performed worse than those in previous normal years (mean MAEs = ca. 0.063 and 0.050, 
respectively). Nevertheless, all calibration schemes reproduced the prolonged low soil moisture periods 
in 2018–2019, and the uncertainty bound of the best performed Scheme III covered most of the lysimeter 
observations (Figure 3a). Due to the impacts of higher air temperature in 2018–2019, surface temperature 
simulations of Scheme II and Scheme III performed much better (mean KGEs = 0.67 and 0.70, respectively), 
compared to those of Scheme I (KGEs = 0.52 ± 0.18). However, soil temperature simulations were similarly 
good among the three schemes (the mean KGEs >0.65), possibly due to the limited drought impacts on soil 




Figure 3. Model performances at the plot scale. (a) Soil moisture content (SMC) at Layer 1 (1–20 cm; upper) and Layer 2 (20–50 cm; lower); observations were 
collected at soil depth of 10 and 30 cm for Layer 1 and Layer 2, respectively. (b) Soil surface temperature (upper) and soil temperature (lower); Observations 
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plot-scale tracer simulations of Scheme III were reasonable in terms of ranges and temporal variations in 
different soil water storages (e.g., the simulations at the lysimeter site shown in Figure S8).
Overall, simulations of Scheme III performed the best both from catchment and plot scale perspectives. 
Therefore, all our modeling analyses in the following sections were based on the results of the best 100 
simulations of Scheme III.
4.2. Spatiotemporal Variability of Water Fluxes and Ages at the Catchment Scale
The well-constrained model performances, especially reducing uncertainty in the tracer simulations, added 
confidence in the analysis of the spatiotemporal variability of the ecohydrological partitioning at the catch-
ment scale. Given the strong seasonality of measured soil moisture and simulated stream water ages, we de-
fined four hydrological periods, that is, Wet (January–March), Drying (April–June), Dry (July–September), 
and Wetting (October–December) periods (Figure S9). We further compared the spatiotemporal patterns 
between the normal years (2013–2016) and drought years (2018–2019).
In the terrestrial phase, surface flow fluxes occurred mostly during heavy rainfall and snowmelt events 
in winter and spring. Their seasonal patterns were in accordance with those of the regional climate, with 
higher fluxes during the wet period and lower during the dry period (e.g., mean value of 2.5 vs. 1.0 mm d−1 
in the normal years, Figure 4a). EcH2O-iso assumed that all ponded water flows to the down-slope grid 
cell, therefore, the spatial pattern of surface flow fluxes generally followed that of the topographically driv-
en flow accumulation throughout the drainage network (e.g., in the normal years, Figures 4a1–4a4). The 
spatial variations were generally large in all seasons (as indicated by the high standard deviations(SDs) in 
each subplot). Notably, such spatial and seasonal variations were further increased during the drought years 
(Figures 4a5–4a8). After the wet period, surface flow fluxes decreased sharply to 0.29 mm d−1 in the drying 
period, and further to 0.018 mm d−1 in the dry period. Interestingly, in the wetting period, surface fluxes 
were still very low and did not achieve a similar recovery as for the normal years (Figures 4a8 vs. 4a4); the 
flux declines were more severe in the tile-drain managed floodplain areas than in the unmanaged hillslopes. 
Subsurface fluxes showed high spatial variations in tile-drain managed floodplain areas (mostly ranged in 




Figure 4. Spatial distributions of terrestrial surface (a1–a8) and subsurface (b1–b8) water fluxes in different seasonal periods (Wet: January–March, Drying: 
April–June, Dry: July–September, and Wetting: October–December) in the normal (2013–2016) and drought (2018–2019) years. Note the log-transformed, color-
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mainly following the spatial pattern of soil types. The seasonal variations were generally not high during 
the whole simulation period, except for the tile-drain managed floodplain areas where subsurface fluxes 
decreased to the range of 0.25–1.12 mm d−1 during the dry and wetting periods of the drought years (Fig-
ures 4b7 and 4b8). Since the newly added extra groundwater storage in EcH2O-iso does not allow upward 
fluxes back into the soil layer, the baseflow fluxes therefore did not affect soil water dynamics.
For stream water dynamics, runoff contributions along the stream channel and the partitioning of the three 
runoff components (surface runoff, subsurface runoff, and baseflow discharge) varied both seasonally and 
inter-annually, and thereby, the overall stream water ages showed high longitudinal and temporal varia-
tions (Figure 5). During the normal years (2013–2016), subsurface runoff predominated in most stream 
segments for all seasonal periods (the mean percentages were more than 75% of total runoff, Figure 5c). 
Surface runoff proportions were significantly higher in the wet period than in other periods (the mean per-
centages were 13% and 6%–9%, respectively, p < 0.01; Figure 5b). Such seasonal variations of surface runoff 
changed stream water ages significantly (ANOVA test, p < 0.01), with generally the youngest in the wet 
period (946 ± 268 days), the oldest in the dry period (1,276 ± 374 days) and intermediate in the drying and 
wetting periods (1,136 ± 303 and 1,181 ± 290 days, respectively; Figure 5a). Moreover, heavy rainfall events 
throughout the year caused short-term predominance of surface runoff, which dramatically reduced water 
ages to the minima of 13–50 days. During the drought years (2018–2019), surface runoff proportions de-
creased to 4% in the drying period and <0.5% in the dry and wetting periods (Figure 5b). Subsurface runoff 
still predominated in most stream segments (with slightly higher proportions compared to the values during 
the normal years), while the percentages in the upper one-fourth stream segments decreased to 40%–60% 
in the dry period (with the baseflow runoff contributions increased to 60%–40% accordingly, Figures 5c 
and 5d). Combining the decreased younger surface runoff contribution and the reduced stream discharge, 
stream water ages increased largely during the drought years (Figures 2d and 5a). Moreover, several stream 
segments (e.g., for the stream cell IDs 13, 16, and 23) showed dramatic decreases of subsurface runoff pro-
portions and increases of surface and baseflow runoffs accordingly (Figures 5b–5d). Such changes in runoff 
partitioning also caused longitudinal changes in stream water ages (Figure 5a).
Compared to the blue water fluxes, the Schäfertal catchment exhibited a higher proportion of green wa-
ter outputs (i.e., transpiration and soil evaporation). Driven by seasonal dynamics of the energy balance, 




Figure 5. Daily variations of simulated stream water ages (a), the mean runoff partitioning in the four hydrological periods of the normal and drought years 
(proportions of surface runoff (b), subsurface runoff (c) and baseflow discharge (d), and the annual total runoff (e)) along the stream channels. Channel cell 
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Water Resources Research
0.53 ± 0.18 and 0.20 ± 0.12 mm d−1 in April–September and October–March, respectively, Figure 6i–6l). 
Compared to the normal years, soil evaporation fluxes were only significantly decreased in the dry and wet-
ting periods (ANOVA test, p < 0.001 and 0.01, respectively), meanwhile with significantly older evaporated 
water ages during the drought years (Figures 6c and 6d vs. 6g and 6h, p < 0.001). In contrast, in the wet and 
drying periods, evaporated water ages were significantly older during the normal years than the drought 
years (Figures 6a and 6b vs. 6e and 6f, p < 0.001), although their fluxes were similar (Figures 6i–5j). The ages 
showed clear seasonal changes in the up-hill forest and hillslope grid cells (HS values in Figures 6a–6h), 
while in the tile-drain impacted floodplain grid cells, they were generally younger and more uniform across 
seasons and years (only the differences in the dry period between the normal and drought years were slight-
ly significant; see floodplain cell values [FP] in Figures 6c vs. 6g, p = 0.02). Despite variations of absolute 
values, the spatial pattern of water ages generally followed the distributions of soil types and topographic 
drainage network.
Compared to soil evaporation (derived from the first soil layer), transpiration was influenced by soil water 
dynamics across the whole root zone, as well as impacts of aboveground vegetation properties. During the 
growing seasons of the normal years (April–September, Figures 7j–7k), transpired water fluxes reached up 
to 0.96 ± 0.32 mm d−1 (accounting for 54 ± 18% of total precipitation); while in the drought years, the fluxes 
dramatically decreased from a similar level as the normal years in April–June to 0.29 ± 0.16 mm d−1 in July–
September. The seasonal patterns of the transpired water ages were similar in both normal and drought 
years (i.e., the oldest in the drying period, getting younger in the dry and wetting periods until the youngest 
in the wet periods). The absolute ages were significantly younger in the normal years than in the drought 
years (Figures 7a–7d vs. 7e–7h, ANOVA test, p < 0.001). Transpired water ages in the tile-drain impacted 
floodplain sub-areas were generally much younger (0.5–1.0 years) and responded differently to the drought 
stress. The ages were not significantly increase in the drying period (FP values in Figure 7b vs. 7f, p > 0.1), 
while they further increased in the dry period, which was different from the general seasonal pattern. The 
general spatial patterns of ages were jointly determined by soil properties, subsurface drainage networks 
and vegetation types, showing oldest water in the forest areas and youngest in the floodplain areas.
4.3. Ecohydrological Functioning under Drought Stress
As noted, the Schäfertal catchment experienced prolonged drought stress in 2018–2019, which heavily im-




Figure 6. Spatial distributions of the mean evaporated water ages in the four hydrological periods during the normal (subplots (a)–(d)) and drought years 
(subplots (e)–(h)), and the total evaporated fluxes of the whole catchment (subplots (i)–(l)). The spatial means and SDs were shown in each map (values of HS 
and FP were calculated for the hillslopes/up-hill and tile-drained floodplain grid cells, respectively). FP, floodplain; HS, hillslope; SD, standard deviation.
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values of fluxes/storages and their ages varied largely, the relative spatial patterns were nearly consistent 
during the whole study period, driven by soil and vegetation characteristics. Therefore, we summarized and 
compared the temporal dynamics of each ecohydrological compartment in the normal and drought years 
(Figure 8). Precipitation was significantly reduced in the drought years (mean of 399 mm, accounting for 
68% of long-term average). The drought situation was worsened by the unevenly distributed temporal pat-
terns of inputs (e.g., more frequent heavy rainfall events and extremely low precipitation, in total of 62 mm 
during the dry period), and the significantly increased air temperature (e.g., the annual mean increased 
from 7.3 to 8.5°C and the daily maximum temperatures were mostly >20°C during the whole drying and 
dry periods, Figure 8a). Such dramatic changes affected the water fluxes, soil water storages, as well as their 
ages (Figures 8b–8d).
The green water fluxes were the dominant outputs, accounting for ca. 59% and 68% of annual precipitation 
in the normal and drought years, respectively (Figure 8b). Soil evaporation and transpiration were heavily 
impacted by the drought stress with much higher seasonal variations and stronger short-term fluctuation. 
Their seasonal patterns were likely driven by the pattern of air temperature in the normal years, whereas by 
that of precipitation in the drought years (Figures 8a and 8b). During the beginning of the drought period 
(April–June), the total green water fluxes were very similar. However, soil water decreased dramatically 
from 196 mm (for the upper 50 cm soil water storage) and 63 mm (for the lower 50–100 cm gravitation-
al water storage) to 134 and 25  mm, respectively (Figure  8c). Moreover, the transpired water ages were 
significantly older during this period (545 ± 35 vs. 453 ± 35 days, respectively, p < 0.001; Figure 8b). Fol-
lowed by the driest period (July–September), the two soil water storages further reduced to 123 ± 5.8 and 
13.9 ± 4.7 mm, which accounted for 77% and 38% of amounts in the normal years, respectively (Figure 8c). 
Such high soil water deficits in the drought years strongly limited green water dynamics in the dry period, in 
terms of reduced fluxes (reduced by 28% and 67% for evaporation and transpiration, respectively) and older 
water ages (the means of 96 vs. 64 days for evaporation and 554 vs. 428 days for transpiration).
In the drought years, the limited soil water availability continued to the wetting period, which further 
caused much lower overall stream discharge and altered the seasonal patterns (Figure  8d). The annual 
runoff was only 119  mm (56% of that in the normal years). Among the four hydrological periods, total 
streamflow during the dry and wetting periods was 12.6 mm, accounting for only 15% of that in the nor-
mal years. Moreover, the runoff partitioning was also changed with higher contributions from the deeper 




Figure 7. Spatial distributions of the mean transpired water ages in the four hydrological periods during the normal ((a)–(d)) and drought years ((e)–(h)), and 
the total transpired fluxes of the whole catchment ((i)–(l)). The spatial means and SDs were shown in each subplot (values of HS and FP were calculated for the 
hillslopes/up-hill and tile-drained floodplain grid cells, respectively). FP, floodplain; HS, hillslope; SD, standard deviation.
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5.1. Adaptations of the EcH2O-iso Model Conceptualization and Parameterization
The soil properties and geological formations of the Schäfertal catchment have been well examined (Alter-
mann & Mautschke, 1970; Graeff et al., 2009). The functioning of the agriculturally dominated catchment 
has been impacted by artificial tile drainage. Instead of developing a separate submodule for the tile drain 
flow, we adjusted the generic EcH2O-iso parameterizations to capture effects of the artificially elevated 
subsurface lateral drainage. We assigned a higher horizontal hydraulic conductivity to the floodplain soils 
than in previous studies (Graeff et al., 2009). Based on the best-performed calibration Scheme III, the cal-
ibrated top-soil value (mean ± SD) was 4.83 × 10−4 ± 2.44 × 10−4 m3 s−1 (Figure S5), which is one to two 
orders of magnitudes higher than the calibrated values of the hillslope and uphill soils. Meanwhile, the 
calibrated ratios of vertical to horizontal hydraulic conductivities were significantly lower for the floodplain 
soils (mean ± SD = 0.039 ± 0.095, compared to 0.093 ± 0.125 and 0.071 ± 0.116 for hillslope and uphill 
soils, respectively). This ensured more realistic vertical soil water exchanges between soil layers in the tile 
drained soils.
For agricultural catchments, the construction of tile drainage systems is a common measure to improve 
crop productivity, which can result in marked changes in water and nutrient pathways (Li et al., 2010). 
Some models have therefore developed specific routines for that (Guo et al., 2018), while the absence of 




Figure 8. Summary of catchment ecohydrological responses to the drought stress ((a) precipitation and air temperature, (b) catchment-wide transpiration 
and soil evaporation, (c) soil water storage and (d) discharge at the catchment outlet during the normal (2013–2016) and drought years (2018–2019)). For each 
ecohydrological compartment, water storage/fluxes were shown as mean daily values, and the color code was normalized from the water-weighted mean daily 
ages (the age values of 10%, 50%, and 90% quantiles were shown in the legend, respectively). The upper water storage (total soil water amount in the upper 
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networks) commonly obscures precise simulations of tile drainage flows (De Schepper et al., 2017). Moreo-
ver, it is still not well known how the cumulative effects of such local tile drains affect the overall drainage 
response when upscaling to the catchment scale (De Schepper et al., 2015; Li et al., 2010). Therefore, with 
the lack of tile drain information, common practices in simulating catchment drainage networks are either 
to introduce more general empirical equations (e.g., Li et al., 2010) or to adjust model configuration/param-
eterization based on conventional structures (e.g., De Schepper et al., 2017). In our study, the tile drain net-
works were extensively constructed within the floodplain soils (Figure 1c), but no records were kept of their 
details or maintenance. Still, the adaptations of the EcH2O-iso model parameterization and configuration 
in this study provide an illustration of how such agricultural anthropogenic changes can be convention-
ally integrated in process-based ecohydrological models. As for general tile drain process representation, 
appropriate modeling considerations are always subjective to information availability, research scales and 
objectives (e.g., see discussions in De Schepper et al., 2015).
In addition, long-term hydroclimatic and groundwater level data showed that the Schäfertal catchment was 
heavily impacted by nearby mining activities before the 1990s. Annual runoff decreased by ca. 70% in the 
1980s and the stream completely dried out in dry seasons due largely to the lower groundwater levels (see 
Data Set S1 and Ollesch et al., 2010). At the event scale, bimodal hydrographs with strongly damped second 
peaks were commonly observed before 1975 but much less frequent afterward (Graeff et al., 2009; Ollesch 
et al., 2010). It has been argued that the second peaks are not a result from interflow but due to the fast 
displacement of the groundwater levels (Graeff et al., 2009). After the recovery of groundwater levels (since 
2009), flowing water is now perennially observed in the stream, even under the recent extreme droughts. 
Moreover, the strongly damped stream water isotopic data revealed that a relatively large catchment storage 
is likely involved in catchment mixing dynamics (Soulsby et al., 2011; Tetzlaff et al., 2014). These pieces of 
evidence confirmed that deeper groundwater dynamics are influential in the Schäfertal catchment. Given 
that tile drain impacts and corresponding EcH2O-iso soil parameter adaptations, it was necessary to provide 
a fundamental change to model structure to capture deeper groundwater dynamics. With the new structure, 
the model simulations confirmed that the baseflow constantly accounts for ca. 10% of annual runoff, with 
much higher proportions during the driest periods of the drought years (Figure 5d).
This new structure allows deeper groundwater storage exchanges and lateral baseflow fluxes to be con-
sidered in EcH2O-iso, and therefore, greatly extends the model transferability to catchments that are im-
pacted by both rapid, shallow subsurface stormflow and deeper, slower responding groundwater systems. 
The introduced passive component of the deeper storage allows higher flexibility for isotope and water age 
dynamics, which plausibly invoke orders of magnitude higher catchment storage compared to the seasonal 
flow dynamics, especially under extreme hydroclimatic conditions (Birkel et al., 2015). Implementations 
of the deeper groundwater storages were largely simplified based on reasonable assumptions in the study 
catchment. Further developments might be necessary for better representations of ecohydrological impacts 
of deep groundwater dynamics (e.g., the downward extension of plant/crop roots, the upward fluxes to soil 
layers due to groundwater rise, etc.).
5.2. The Information Content Brought by Different Data Time Series in Tracer-Aided 
Ecohydrological Modeling
Long-term data from experimental catchments are valuable in advancing ecohydrological process under-
standing and revealing catchment responses to environmental changes (Tetzlaff et al., 2017). As discussed 
in Section 5.1, long-term groundwater level data (their disturbance and recovery due to mining activities) 
have revealed that stream water in the Schäfertal catchment was significantly influenced by the deeper 
groundwater system. In addition, long-term hydroclimatic data (1968–2019, Data Set S1) showed that large 
rainfall events (e.g., daily precipitation >10 mm) occurred irregularly across different hydrological periods. 
The outlet discharge in wet-drying periods was higher than 0.1 m3 s−1, whereas in dry-wetting periods it was 
as low as 0.001 m3 s−1. This revealed strong intra- and inter-annual variabilities of catchment water storage 
and green-blue water partitioning. Furthermore, other “soft” information of agricultural management is 
also informative, though details are normally missing for quantitative investigation. The extensively con-
structed tile drainage in the middle valley bottom (Figure 1c) changed land use from pastures to cultivated 





clay and silty floodplain soils to a new state with much higher hydrological connectivity. This likely further 
caused the valley bottoms to become “hotspots” for subsurface lateral water exchanges (Figure 4). Such 
long-term historical data and soft information essentially informed the identification of dominant process-
es (as argued e.g., in Seibert & McDonnell, 2002 and McMillan et al., 2011) and further guided our model 
adaptations and set-up in this study.
Besides the general structure reflecting process-based catchment understanding, a model has to be com-
prehensively calibrated and validated against multiple data sources to allow a detailed evaluation of model 
behavior (Wagener et al., 2001), especially for multiple output fluxes (Gupta et al., 1998). In this study, we 
designed a two-stage calibration strategy, that is, the multicriteria calibrations (simultaneously against soil 
moisture, soil temperature, stream discharge, and/or stream water isotopes) were conducted after the first-
round, single-objective calibration (against discharge). Streamflow integrates information from multiple 
convolutional processes (Beven & Binley, 1992; Kirchner, 2009). In turn, the stream discharge data informs 
the general water balance, which is of particular importance for the Schäfertal catchment given its strong 
temporal variability of blue- and green-water dynamics. Therefore, discharge observations were first used 
to constrain overall water balance modeling (i.e., obtaining the best 10,000 out of 500,000 runs). Of course, 
streamflow information is known to be too ambiguous to disentangle internal processes and quantify their 
catchment-wide configurations (Finger et al., 2015; Güntner et al., 1999; Kuppel et al., 2018a). Hence, mul-
tiple criteria based on plot- and catchment-scale data were simultaneously considered at the second stage of 
calibration, which provided reasonable model simulations and uncertainty estimates at both plot and catch-
ment scales. The calibrated parameters (Figure S5) were well constrained within initial ranges, although 
some of them were poorly identified presumably due to “equifinality” effects given the large number of 
parameters (Beven & Freer, 2001), or trade-off effects of the multi-objective calibration (e.g., see Holmes 
et al., 2020). Nevertheless, final simulation uncertainties of all calibrated outputs were mostly well con-
strained (Table 2 and corresponding figures).
Amongst multiple monitoring data sets, the inclusion of isotope data in calibration (i.e., comparing Scheme 
II and Scheme III) increased the isotope simulation performances (better goodness-of-fit and lower un-
certainty; Table 2 and Figure 2). The high isotope simulation uncertainty of Scheme II was likely main-
ly derived from the extra groundwater storage because the deeper groundwater contributed significant-
ly to stream water dynamics (Section 5.1). The calibrated proportions of the dynamic storage (parameter
_HydroFrac ExtraGW ) were 0.047 ± 0.028 across all calibration schemes (Figure S5c), which is consistent 
with Soulsby et al. (2011) who found that total storage for tracer mixing can be two orders of magnitude 
higher than dynamic storage. The actual total storage cannot be sufficiently inferred by hydrological data 
alone (Birkel et al., 2011). This has probably caused much higher uncertainties in the tracer simulations, 
especially for the floodplain soils with active subsurface exchanges and considerable baseflow seepage (Fig-
ures 4b and 5d). However, isotope data provide “orthogonal” information on catchment behavior (Fenicia 
et al., 2008; Kirchner, 2016) and integrating them into spatially distributed modeling opens the opportunity 
of satisfying both velocity (the transport of water/solute particles) and celerity (the pressure wave propaga-
tion) perspectives (Holmes et al., 2020; Kuppel et al., 2018b). Therefore, the added information content of 
stream water isotope data is particularly valuable in constraining our modeling uncertainty, as for Scheme 
III. The isotope simulations at different water storages at plot scale were likely in a reasonable range as re-
ferred by available isotope data (e.g., the lysimeter-located grid cell in Figure S8), although the uncertainty 
in the extra groundwater storage was relatively high compared to that of upper soil storages. Moreover, 
other model performances at catchment (e.g., discharge) and plot (e.g., soil moisture) scales were main-
tained (and even slightly better for surface temperature, Table 2). This supports the argument that the added 
tracer information facilitated a more robust capturing of internal processes (e.g., storage-flux interactions, 
Figure 4; flow pathways, Figure 5), which is consistent with other studies that evaluated the value of isotope 
data for model calibration (He et al., 2019; Holmes et al., 2020; Stadnyk & Holmes, 2020).
The plausible tracer simulations based on Scheme III enabled more reliable estimates of water ages in stream 
water and ecohydrological fluxes. The simulated median stream water ages converged at around 3.3 years 
(Figure 2d), due to the predominance of subsurface runoff in stream runoff generation, with baseflow from 
the extra groundwater storage contributing consistently ca. 10% (Figures 5b–5d). Significantly younger wa-





largely increased proportions of surface runoff (Figures 2d and 5b). Such seasonal patterns are in line with 
other studies (Birkel et al., 2015; Kuppel et al., 2018b; Sprenger et al., 2019). We noted that our simulated 
ages were significantly older than those by J. Yang, et al. (2018), who studied the Schäfertal's water transit 
times during 1997–2007 based on the theory of StorAge Selection (SAS) functions. During their investiga-
tion period, fast recessions after the main high-flow seasons were observed, and the stream temporally dried 
out during driest days of the year (Data Set S1). Despite the potential impacts of varying methodological 
representations (see discussions in Kuppel et al., 2018b), this presumably mainly reflects that groundwater 
level had not yet fully recovered from mine de-watering until 2009 (Section 5.1). Therefore, deeper ground-
water dynamics had limited impacts on stream water dynamics, compared to that in our simulation period.
5.3. The Value of Observations and Modeling under Drought Stress in Assessing Ecohydrological 
Responses under Changing Conditions
Compared to Scheme II and Scheme III, simulations of Scheme I failed to reproduce the streamflow dynam-
ics in the drought years (Table 2), demonstrating that non-stationary behavior of catchment ecohydrolog-
ical functioning has been induced by prolonged droughts. In the drier years 2018–2019, soil moisture was 
severely depleted as informed from the lysimeter data (Figure 3a), whereas groundwater levels in the valley 
bottoms were only slightly decreased (Figure S1). This implied that deeper groundwater storage, with longer 
residence times, maintained stream flow. Besides model adaptations of the new extra groundwater storage, 
inclusion of data collected under drought stress was highly important in constraining our ecohydrological 
modeling as highlighted by the good streamflow performances of Scheme II and Scheme III. Our findings 
agree with the strategy proposed by Westra et al. (2014) that improving model ability under changing hy-
droclimatic conditions should be conducted from data, parameterization and model structure perspectives.
In addition to the changes of water quantity, our tracer-aided modeling further showed a high degree of 
non-stationary in water ages under the drought stress (Figure 8), which can have major implications for 
water quality. Runoff contributions from deeper groundwater increased up to 60% of total runoff, which 
further resulted in a sharp increase of stream water ages by ca. 200%, to ca. 6.0 years (Figure 5). Despite the 
good simulations from calibration Scheme III, we recognized that tracer simulations in the drought years 
need to be critically assessed. The simulation uncertainty of stable isotopes of water increased during the 
drought periods (Figures 2c and S7), which is associated with the large uncertainty of estimating the deeper 
groundwater storage and its water ages (Birkel et al., 2015; Stewart et al., 2010). This has been further com-
plicated by the spatially differentiated responses of groundwater levels to the drought stress (Figure S1). 
Moreover, the heavy damping of observed isotope signals indicated a strong mixing that might limit inter-
pretations of the input-output signal/noises relationship (Stewart et al., 2010), and our simulated stream 
water ages were around the upper limit of travel times that can be inferred from stable isotopes of water 
(Sprenger et al., 2019; Stewart et al., 2010). Nonetheless, the mean residence time of such drought-invoked 
deeper storage (i.e., the groundwater differences between normal and drought years) was roughly estimated 
from the decreases of measured groundwater levels during July–December of 2018–2019 (Text S2). The 
estimated ages of 3,300–5,200 days were in line with our tracer-based simulations (Figure 5).
Green water dynamics in the Schäfertal catchment accounted for more than half of the annual rainfall, 
and that proportion further increased to ca. 70% in the drought years (Figure 8). Moreover, transpiration 
from deeper groundwater was very limited due to the relatively shallow effective root zone for the main 
crops (e.g., the depth of 50–100 cm for wheat and barley (Fan et al., 2016)). Therefore, the ecohydrological 
outputs (i.e., soil evaporation and transpiration) were more sensitive to the drought stress compared to the 
blue water dynamics, as reported for other regions (e.g., Sawada et al., 2014; Orth & Destouni, 2018). Fur-
thermore, the detailed spatiotemporal comparisons of the modeled fluxes and water ages under the normal 
and drought years (Figures 6–8) provided in-depth insights into anticipated ecohydrological responses to 
the changing climate conditions, especially for drought-sensitive agricultural catchments. Soil evaporation 
showed minor quantitative differences, indicating that the uppermost soils can generally be replenished by 
precipitation (Smith et al., 2020a); while the spatial and seasonal variability of the evaporated water ages 
was presumably determined by the proportions of storage that have been renewed by recent precipitation 
and upslope lateral surface inputs, and the variations of soil properties (Figure 6). In addition to the consist-





of the drought development (Figure 8): at the beginning of the crop growing season (the drying period), 
although precipitation declined by 36%, transpiration fluxes were maintained at a similar (or even slightly 
higher) level to the normal years, due to the replenished soil water storages after rewetting seasons and 
presumably the higher radiation availability (Orth & Destouni, 2018). Consequently, all soil water storages 
were dramatically depleted and this severely limited transpiration as the drought further developed until 
the end of the growing season. In contrast, the drought-induced impacts affected the transpired water ages 
at the beginning of the growing season, significantly increasing the age compared to the normal years. 
Therefore, the water age information is of particular use as an indicator warning for drought-induced im-
pacts on agronomy systems and further guiding precautions of mitigation-adaptation measures.
As a common agricultural practice, artificial tile drains largely accelerated catchment drainage (e.g., the ele-
vated subsurface fluxes in the floodplain areas in Figure 4b), while altering soil water dynamics of the entire 
soil profile further affected the ecohydrological green water usage in terms of water ages of transpiration 
and soil evaporation (from the entire soil profile and the top soil layer, respectively). The ages in the tile-
drain managed floodplain areas were generally much younger and less seasonally varying than those in the 
unmanaged hillslope/uphill areas (Figures 6 and 7), presumably due to the accelerated soil water exchang-
es and thereby lower soil water residence times in the managed floodplain areas. Moreover, the tile-drain 
management altered responses of the green-water ages under drought stress, especially for transpiration. In 
contrast to the above discussed catchment-wide early responses of transpired water ages (Figure 8b), the in-
crease in the managed floodplain sub-areas was not statistically significant in the drying period (Figures 7f 
vs. 7b). The soil water was likely fully replenished after a rewetting season (i.e., transpiration fluxes gener-
ally aged within 0.5–1.0 years, compared to ages of >1.0 years in the unmanaged hillslopes) and sustained 
comparable ecohydrological outputs at the beginning of the drought. However, this resulted in the severely 
decreased soil water storage (Figure 8c) and limited transpiration as the drought further developed in the 
dry period (reflected by the abnormally older transpired water ages than those in the drying, Figures 7g 
vs. 7f). This implies that the whole soil root zone of tile-drain managed agricultural areas becomes more 
sensitive to hydroclimatic variability, which differed from the normal inter-annual “memory effect” of tran-
spiration (Kuppel et al., 2020). Of course, this study is limited by the catchment's spatial organization and 
relatively small areal proportion of tile-drain managed areas. Further research is needed for comprehensive 
investigations on ecohydrological impacts of the tile-drain management.
6. Conclusions
The tracer-aided, process-based ecohydrological model, EcH2O-iso, was applied to the intensively managed, 
long-term experimental Schäfertal catchment. The functioning of this agricultural catchment has been im-
pacted by artificial tile drainage and groundwater system dynamics, as reflected in long-term historical 
information (i.e., hydroclimatic data and anthropogenic activities). Accordingly, model parameterization of 
soil properties was adapted, and a revised model structure for deeper groundwater dynamics was developed. 
These model adaptations were of particular importance for process representation under the prolonged 
drought stress in 2018–2019, which has induced an extreme catchment response in terms of ecohydrolog-
ical functioning. A two-stage strategy and alternative schemes were designed for comprehensive model 
calibration and validation, which make the most use of multi-source monitoring time-series, including 
catchment-scale hydroclimatic data, plot-scale soil moisture and soil temperature measurements and tracer 
(stable isotope of water  2H and  18O) data. The added value of the isotope data was highlighted in achiev-
ing more robust green- and blue-water partitioning and disentangling of internal storage-flux-age interac-
tions. In particular, detailed spatially and temporally varying responses of green and blue water dynamics 
under the drought stress could be investigated.
The tracer-aided ecohydrological modeling in this study demonstrated that (1) understandings of catchment 
functioning can be informed from uniquely valuable long-term hydrological data and “soft” information 
(see also e.g., Tetzlaff et al., 2017 and Seibert & McDonnell, 2002), (2) anthropogenic activities can funda-
mentally alter natural ecohydrological processes and should be appropriately considered in process-based 
modeling, especially for agricultural catchments, (3) model calibration can be strengthened by the use of a 





eling needs to be based on critical assessment of the information content contained in multi-source data. 
Based on robust model evaluations (e.g., calibration Scheme III), the EcH2O-iso model provided more relia-
ble estimates of water fluxes and ages of individual ecohydrological stores. Under drought stress, green and 
blue water dynamics showed spatiotemporally varying responses, partly due to the tile drain management; 
moreover, the tracer-based water ages mostly responded earlier than the fluxes (e.g., transpired water ages 
were much older than in normal years at the beginning of the droughts, while the transpired fluxes were 
comparable). Therefore, our tracer-based ecohydrological modeling also has insightful value for identifying 
drought-induced impacts on ecosystem function, especially for drought sensitive agricultural regions. In 
particular, water flux ages provided sensitive early indicators of drought induced eco-hydrological altera-
tions across a wide range of temporal and spatial scales.
Data Availability Statement
The model code of EcH2O-iso is publically available at http://bitbucket.igb-berlin.de:7990/users/ech2o.
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